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Abstract
The OLS estimator of the intergenerational earnings correlation is bi-
ased towards zero, while the instrumental variables estimator is biased up-
wards. The …rst of these results arises because of measurement error, while
the latter rests on the presumption that the education of the parent family
is an invalid instrument. We propose a panel data framework for quantify-
ing the asymptotic biases of these estimators as well as a mis-speci…cation
test for the IV estimator. Using US data we estimate the bias of the OLS
e s t i m a t o rt ob ei nt h eo r d e ro f1 0 %t o2 0 % ,a n dt h a to fI Vt ov a r yb e t w e e n
40% and 60%. Supporting evidence that the IV estimator is inconsistent, in
face of the speci…cation test, is however limited, and results are shown to be
sensitive to the assumptions underlying the serial correlation in transitory
incomes.
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The last decade has witnessed a renewed interest in questions pertaining to the
distribution of income at one point in time, and also in the extent to which children
inherit the economic status of their parents. In the empirical intergenerational
mobility literature, researchers have had to deal with the challenging question
of estimating the correlation between life-time incomes of parents and children
using short time series, and at times a unique observation, on family resources. It
has been immediately recognized in early contributions to the literature (Bowles,
1972; Atkinson et al., 1983) that the use of annual income measures to proxy
permanent incomes produced an errors in variables problem, and as a result, the
ordinary least squares estimator of the intergenerational correlation was biased
towards zero.
As a response to this problem, researchers working with panel data have av-
eraged the resources of the parent family (i.e. the explanatory variable) over
typically three to …ve years in order to reduce the bias resulting from the estima-
tion of the standard Galtonian regression of income transmission. Illustrations of
averaging methods can be found in Behrman and Taubman (1990), Solon (1992),
Zimmerman (1992), Björklund and Jantti (1997), Mulligan (2000) and others. A
problem remaining though, is that not all data sets provide repeated observations
on the parent family’s resources. A typical example in this context is the National
Child Development Study (see for instance Dearden et al. 1997 for a discussion).
When no time series variation is available on the parent family’s resources, it is
typical then to instrument the unique measurement on this variable using the
education of the family head. A standard argument formalized by Solon (1992) is
that when the parent family head’s education features as an explanatory variable
in a model of the determinants of the child’s income, the instrumental variables
estimator of the intergenerational correlation is biased away from zero.
Thus it has become a known result that the ordinary least squares and in-
strumental variables estimators bracket the intergenerational correlation 1.T h e r e
have been several e¤orts in quantifying the bias of the ordinary least squares es-
timator since the work of Bowles (1972), and estimates provided by Zimmerman
(1992) and Abul Naga (2000a) suggest that the extent of the resulting bias is
perhaps in the order of 30% or more. Little is known however about the degree
to which the instrumental variables methodology over-estimates the intergener-
1This result is often emphasized in the literature. See for instance Björklund and Jantti
(1997) and Dearden et al. (1997).
2ational correlation. A key quantity in evaluating the bias of the ordinary least
squares estimator is the variance ratio of permanent to total income. A remaining
question then is what comparable parameters (for which, prior knowledge of their
magnitudes is required) play a similar role in the correction of the bias of the
instrumental variables estimator.
There are two reasons why we feel that this exercise may be of direct relevance
to researchers and policy makers. Firstly, having an order of magnitude about
the bias of the instrumental variables estimator provides another route to re…ning
our knowledge on the extent of income continuities across generations. More
importantly though, if it is found that the bias of the instrumental variables
estimator is small, or negligible 2, earlier results which may have been read to
exaggerate the underlying intensity of income inheritance in the population, may
be re-appraised in a di¤erent light.
In order to evaluate the biases of the ordinary least squares and instrumental
variables estimators we use panel data to derive consistent estimators for eco-
nomic relations observed subject to measurement error. As shown by Griliches
and Hausman (1986), Hsiao and Taylor (1991) and others, a wide range of errors
in variables models are identi…able in the panel data context. As a by-product
of our discussion therefore, we also propose a consistent estimator of the inter-
generational correlation when repeated measurements are available on the parent
family’s income. Likewise, we suggest a test for evaluating the claim that the
instrumental variables estimator is upwardly inconsistent.
In order to analyse the large sample biases of the ordinary least squares [OLS]
and instrumental variables [IV] estimator in a joint framework, we express these
as functions of the structural parameters of a model of income transmission. We
then inquire about the nature of the data required in order to recover these un-
known structural parameters from the biases of the two estimators. It turns out
that the two fundamental quantities required in order to perform this exercise are
(1) the correlation between education and permanent income and (2) the vari-
ance ratio of permanent to total income. In turn, we propose estimators for these
quantities when panel data are available to the researcher. The proposed consis-
tent estimator of the intergenerational correlation and test for the instrumental
variables estimator also arise from our study of the identi…cation of the structural
model of income transmission.
We then use the Panel Study of Income Dynamics, a longitudinal survey from
2Solon (1992), refering to related empirical evidence from the United States, entertains this
hypothesis.
3the United States, in order to evaluate numerically the biases of the OLS and
IV estimators. Our results suggest that the …rst of these under-estimates the
intergenerational correlation by about 10% to 20%, while the latter over-states by
about 40% to 60%.
In the next section we examine the identi…cation of a structural model of
income transmission initially suggested by Solon (1992), where the OLS estimator
is biased towards zero, and IV is biased away from zero. In section 3 we present
estimates of the biases resulting from these two methods using our US data.
Section 4 concludes the paper with a summary of the main points.
2. Biases of OLS and IV
In this section we study the biases of the ordinary least squares and instrumen-
tal variables estimator of the intergenerational correlation. We show that with-
out repeated measurements on parental income, these biases cannot generally be
quanti…ed. With panel data however, it is shown that the process of income trans-
mission is identi…ed; hence we may readily derive formulas to evaluate numerically
the biases of these estimators.
The framework we consider is a Galtonian regression of the child’s life-time
income, log(Ic) on that of her/his parents’, log(Ip) , where log(.) is the logarithmic
function. Let ´c =l o g ( Ic) ¡ E(log(Ic)) and ´p =l o g ( Ip) ¡ E(log(Ip)):´ c and ´p
are the logarithms of the life-time incomes of children and parents, measured in
deviation from their respective means, which we shall denote below in more simple
terms as permanent incomes. The Galtonian regression model may be written as:
´ci = ¯´pi + ui (1)
where i =1 ;:::;n indexes data on family i, and it is assumed that E(uij´pi)=0for
all i. In contrast with the theoretical model (1), it is assumed that the researcher
observes annual data yit and xit which are taken as noisy measurements on the
permanent incomes ´ci and ´pi.
yit = ´ci + Áit (2)
xit = ´pi + "it (3)
Below we shall assume that all data are measured in deviation from their cross-
sectional means. The researcher regresses yit on xit by ordinary least squares to










Because xit is a noisy measurement on ´pi, the above estimator is biased towards
zero. De…ne e¤ as the education of the parent household head and e = e¤¡E(e¤),
as education measured in deviation from its mean. An alternative estimation
strategy for the Galtonian model (1) consists in instrumenting xit using ei.T h i s








In order to formalize the argument that the instrumental variables estimator may
be upwardly biased, we shall assume, following Solon (1992), that parental educa-
tion features as an explanatory variable in a structural model of the determinants
of the child’s income:
´ci = ±0´pi + ±1ei + vi (6)
where vi is taken to be uncorrelated with ei and ´pi.S i n c e , f r o m ( 1 ) , ¯ =
E(´p´c)=E(´2
p), it also follows from (6) that E(´p´c)=±0E(´2
p)+±1E(´pe), i.e.
that





Solon shows that if parental education is a determinant of the child’s income, ^ ¯IV
and ^ ¯OLS respectively provide upper and lower bound estimates of the intergen-
erational correlation ¯, in the sense that plim(^ ¯IV) >¯>p lim(^ ¯OLS);w h e r e
plim(:) is the probability limit operator. Probability limit formulas for these two
estimators are given in Solon(1992). Here we shall write them in slightly di¤erent











In deriving the above relations it is further assumed that Áit,t h et r a n s i t o r yi n c o m e
component pertaining to yit in (2), is uncorrelated with all other variables. By
de…ning ¸ = E(´2
p)=[E(´2
p)+E("2)] as the variance ratio of permanent to total
5income, also known as the signal to total variance ratio, we may use (7) in order
to obtain a more familiar expression for plim(^ ¯OLS):
plim(^ ¯OLS)=¯¸ (8b)
from which it comes out more clearly that ^ ¯OLS is asymptotically biased down-
wards, as the variance ratio ¸ is smaller than one. The instrumental variables
estimator on the other hand is biased away from zero provided ±1 > 0 and educa-
tion is positively correlated with permanent income.
Solving the above system (8a) and (9), it may be veri…ed that ±0 and ±1,
the parameters of (6), relate to the population second moments in the following
manner
±0 =
plim(^ ¯OLS)=¸ ¡ ½2plim(^ ¯IV)
1 ¡ ½2 (10)
±1 =
h
plim(^ ¯IV) ¡ plim(^ ¯OLS)=¸
i
E(´pe)=E(e2)
1 ¡ ½2 (11)





is the correlation coe¢cient between perma-
nent income and education. That is, because a single measurement xit will not
identify the variance of permanent income, it is not possible to evaluate ¸ or ½.
From this observation it also follows that under such circumstances it is not pos-
sible either to identify the structural model (6), nor is it possible to evaluate the
large sample biases of the OLS and IV estimators.
In a panel data environment however, the researcher will usually possess re-
peated measurements on family income. Let xit and xis be two such measurements
for periods t and s. Zimmerman (1992) assumes that measurement error exhibits
an auto-regressive structure, so that the correlation between "it and "is diminishes
a st h et i m ed i s t a n c eb e t w e e np e r i o d st and s increases. On the other hand, empir-
ical research on the covariance structure of earnings (see for instance MaCurdy,
1982; Abowd and Card, 1989 and Schluter, 1998) suggests that errors of measure-
ment exhibit a moving average structure. That is, passed a certain time period –
most probably two years – changes in annual earnings are serially uncorrelated.
Accordingly, we may use here the identifying assumption
E("it"is)=0 jt ¡ sj >q (12a)
in order to estimate the variance of permanent income, and hence, the signal to
total variance ratio ¸. Clearly, if q =0this amounts to assuming that transitory
6variations in income are uncorrelated over time 3. More generally however, if xit
and xis are measurements taken at least q+1periods apart, transitory variations
in earnings have zero correlation, in which case we may use the covariance between
any two such measurements in order to estimate the variance of permanent income:
E(xitxis)=E(´
2
p) jt ¡ sj >q (12b)
The above equation is an equivalent formulation to the moment condition (12a).
With this extra condition we may note that it is now possible to identify the
structural model (6) for the determinants of the child’s income. In particular, let











denote estimators for ¸ and ½. ^ ¸ is consistent for ¸ under condition (12) 4,
while ^ ½ is consistent under the additional assumption that transitory income is
uncorrelated with educational attainment 5. Note …nally that the estimator ^ ®
consistently estimates plim(^ ®) so that we may consistently estimate ±0 and ±1
using the following expressions:
^ ±0 =
^ ¯OLS=^ ¸ ¡ ^ ½
2^ ¯IV








1 ¡ ^ ½
2 (16)
We may note that (16) provides a direct test for the null hypothesis that ^ ¯IV
is consistent, against the alternative that it is upwardly inconsistent. If ±1 is
3This would also imply that lags and leads of income may be used to instrument xit in the
estimation of (1). See Abul Naga and Krishnakumar (2000) for a discussion.




is)]. In panels that stretch over a long enough period of time sev-
eral covariance terms may also be used in order to estimate the variance of ´p.






7estimated to be statistically not di¤erent from zero, it may be concluded that
plim(^ ¯IV)= plim(^ ¯OLS=^ ¸)=¯; i.e. that the instrumental variables estimator
is consistent. Under the alternative, it is taken that ±1 > 0; that is, that ^ ¯IV
systematically over-estimates the intergenerational correlation. By going back to
the structural model (6) we obtain an alternative intuition for this test. The
argument is as follows: if ±1 =0 ; this implies that parental education is not a
determinant of the child’s income, and hence the instrumental variables estimator
achieves consistency. An evaluation of the hypothesis that ^ ¯IV is consistent is
therefore undertaken here by treating (6) as an extended regression of (1), where
it is maintained, under the null hypothesis, that ±1 =0 .
Substituting (15) and (16) into (7) entails the following estimator for ¯:
b = ^ ¯OLS=^ ¸ (17)
which is a feasible form for the consistent adjusted least squares estimator (Meijer
and Wansbeek, 2000) 6.
In our empirical applications we shall evaluate the large sample biases of the
OLS and IV estimators in percentage terms, i.e. in the form ¸ = plim(^ ¯OLS)=¯
and ° = plim(^ ¯IV)=¯. In the sample these may be evaluated by the quantities
(13) and




In the section that follows we use data from the Panel Study of Income Dynamics
in order to estimate the biases of these two estimators of the intergenerational
correlation parameter ¯.
3. Evidence from the PSID
In order to quantify the biases of the ordinary least squares and instrumental
variables estimators of the intergenerational correlation, we look at income con-
tinuities in a US sample of parents and children. Our data are extracted from
the SRC …le, the random sample, of the University of Michigan’s Panel Study of
Income Dynamics (PSID). A full account of the PSID, its history and main data
…les, can be found in Hill (1993).
We have data on the incomes of parents over the four-year period 1967-70, and
the resources of children are observed in 1987 and, four years later, in 1991. We
6See Abul Naga (2000b) for an alternative derivation of the estimator b.
8have 526 such parent and child pairs. The income concept taken here is the total
labour income of the household head (measured in 1967 dollars – the year prior
to which the survey was started). Parents and children are at least 25 years of
age when their earnings are observed, and we have selected one child per parent
family. The average age of the family head was 42.5 years for parents in 1967, and
35.2 years for children in 1987. Finally, as earnings are bound to vary over the
life cycle in a non-random way, we have run prior regressions of the logarithm of
labour income on age and age squared of the household head in each given year,
and have chosen to work with the residuals from these initial regressions in the
results reported below.
Our baseline regression is that of the child’s 1987 earnings on those of the
parent family in 1967. For this regression we initially consider two estimators:
OLS and IV, which are intended to bracket the true value for the intergenerational
correlation ¯. In our sample these take on respectively the values 0.263 and 0.473,
reported in the top line of table 1. It may also be noted, in anticipation of our test
results, that the standard error of the OLS estimator is 0.045, and that of the latter
is twice this magnitude 7. Under the assumption that the transitory component
of income is uncorrelated over time, we use the covariance between 1967 and 1968
labour income in order to estimate the variance of permanent income. On the basis
of (12), this implies that q =0 , so that in table 1 we denote the above assumption
of absence of serial correlation as an MA(0) scenario. The parameter ¸ is then
estimated as the sample covariance between 1967 and 1968 earnings, divided by
the sample variance of 1967 earnings (see equation 13). In our data this produces
an estimate of 0.90 for the signal to total variance ratio. This is suggestive of a
rather small bias for the OLS estimator in comparison to conclusions reached by
other authors in this respect. Bowles (1972) for instance reports estimates for ¸
ranging between 0.70 and 0.83 using various income concepts, Zimmerman (1992)
estimates this ratio to be 0.73 for wages and 0.66 for earnings, while Abul Naga
(2000a) estimates this quantity to be in the range of 0.57 for family incomes and
0.62 for earnings.
Our estimate of ¸ i nt u r nc a nb eu s e dt oc o r r e c tt h eb i a so ft h eO L Se s t i m a t o r
using (17). Given the correction factor underlying the MA(0) model …ndings, the
estimator b implies a value of 0.29 for the intergenerational correlation ¯.U s i n g
7Note that the standard error of the OLS estimator is a function of ¸ (cf. Meijer and
Wansbeek, 2000 and also Abul Naga, 2000b). As we move down the table, the OLS estimate
of ¯ does take on the same value. However, its standard error changes with the estimate of ¸.
This e¤ect is however an order of magnitude of 10¡4,a n da c c o r d i n g l yi sn o tr e p o r t e dh e r e .
9(18), we evaluate the large sample bias of the instrumental variables estimator.
The estimate of ° corresponding to the MA(0) scenario is equal to 1.617, implying
^ ¯IV over-estimates the intergenerational correlation by 62%. The sample covari-
ance between 1967 and 1968 earnings also provides the estimate of the variance of
´p, used in the estimation of the correlation ½ between education and permanent
income (cf. equation 14). The estimate of ½ corresponding to the …rst line of
table 1 is equal to 0.51. We are not aware of other estimates of this parameter
based on micro data. The simple correlation between education and age-adjusted
annual earnings, taking a value of 0.48 in our 1967 data, would typically provide
a lower bound estimate for ½; since the presence of an earnings transitory variance
component would in‡ate the denominator of such an expression.
The parameters ±0 and ±1 of the structural model (6) for the determinants of
the child’s permanent income are estimated using (15) and (16). As ^ ±0 and ^ ±1
are complicated functions of the sample moments m(xitxis), m(xitei), etc., the
delta method is used here in order to derive expressions for their standard errors
(see the appendix of the paper for further details). ±0 is estimated at 0.23 with a
standard error of 0.07 while ±1, the e¤ect of the parents’ education on the child’s
permanent income, is estimated at 0.04 with a standard error of 0.02. It may be
noted from this second …nding that ^ ±1 i ss t a t i s t i c a l l yd i ¤ e r e n tf r o mz e r o–ap o i n t
we shall take up again below.
Panel data not only provide su¢cient information in order to identify a general
class of errors in variables models, but they also allow the researcher to relax some
assumptions regarding the serial correlation underlying measurement errors. In
the next line of table 1, the MA(1) estimates, we allow the correlation between
transitory incomes to be non-null in any two consecutive years, but we assume
that it is zero for data observed two or more years apart. The MA(1) estimates
will therefore be consistent under the assumption that the MA(0) speci…cation
is correct. The reverse however is not true, since then the estimate of ¸ would
then be in‡ated in the numerator by the covariance between transitory earnings
components of years t and t+1. The covariance between 1967 and 1969 earnings
is therefore used in the second line of the table in order to estimate the numerator
of ¸: The corresponding estimate of the variance ratio falls from 0.90 to 0.84,
as the auto-correlation between earnings taken two years apart drops. In turn,
this implies that b revises the estimate of ¯ upwards to 0.31. The large sample
bias of the instrumental variables estimator is likewise revised downward to an
over-estimate of the intergenerational correlation by 52% (instead of 62% for the
earlier …ndings).
10This same exercise is further repeated in the last line of table 1, under the
assumption that errors of measurement follow an MA(2) process. The estimate
of ¸ further drops to 0.79 when the covariance between 1967 and 1970 earnings is
used to evaluate the numerator of (13), bringing it more in line with other available
estimates. As a result, b re-scales the 0.26 OLS estimate of ¯ by a factor of 1.27
to arrive at an estimate of 0.34 for the intergenerational correlation. Again, the
percentage bias implied by the instrumental variables estimator appears smaller,
and ° is now estimated at 1.41, instead of 1.52 under the MA(1) assumption, and
1.62 when errors of measurement were taken to be uncorrelated over time.
Of particular relevance to our discussion is a test of the assumption that ^ ¯IV is
inconsistent and biased away from zero. Inspecting (11), it may be noted that ±1
equals zero either if plim(^ ¯IV)=plim(^ ¯OLS)=¸ = ¯; or if the correlation between
education and permanent income is zero (a very unlikely assumption given many
years of research on human capital). Assuming a positive correlation between
education and permanent income, a rejection of the null hypothesis that ±1 =0
would imply that the instrumental variables estimator is inconsistent. It may
be inferred from the results of table 1 that the t¡statistic for ±1 is equal to 2.05
under the MA(0) scenario, to 1.89 for the MA(1) scenario, and 1.55 for the MA(2)
formulation.
If the alternative to the null is the assumption that ±1 > 0 – i.e. that ^ ¯IV is
upwardly inconsistent, then the critical size of the test at the 5% level is 1.64 rather
than 1.96. On such grounds, we may conclude that there is evidence supporting
the postulate that the instrumental variables estimator is biased away from zero
when we maintain the assumption that errors of measurement are uncorrelated.
The null hypothesis is still rejected at the 5% level (but not at the 2.5% level)
for the MA(1) formulation. For the MA(2) formulation however, the t¡statistic
taking a value of 1.55, the assumption that ^ ¯IV is consistent is no longer rejected
at the 5% signi…cance level. This latter result may at …rst seem rather surprising
given the 41% bias imputed to the instrumental variables estimator under the
MA(2) scenario. However, a heuristic account for this …nding may be provided by
observing that the standard error of ^ ¯IV is quite large. By this it is meant that
under the null hypothesis that ^ ¯IV is consistent, a 95% (90%) con…dence interval
for ¯ obtained from this estimator covers values ranging between 0.28 (0.32) and
0.66 (0.63) 8. In particular, the implied value for the intergenerational correlation
in the third line of table 1, b =0 :335, is within these con…dence bounds.
8Under the alternative hypothesis, both the large sample mean and variance of ^ ¯IV are
incorrectly estimated using the results of table 1)
11It has been noted by Reville (1995) that estimates of the intergenerational cor-
relation rise as children age. In table 2 we have undertaken the same estimations
as those of table 1, with the di¤erence that children’s earnings are observed four
years later, in 1991. It may be observed now that the bounds provided by OLS
and IV are respectively 0.33 and 0.60, as opposed to 0.26 and 0.47 in the results
of table 1. The b estimates of the intergenerational correlation are also higher
than the corresponding ones of table 1. It is also again the case that b takes
on increasing values as we move down the table from the MA(0) to the MA(2)
speci…cation. This latter result is also a consequence of the fact that the same
parental data (1967 to 1970 earnings) have been used in the estimations of tables
1 and 2. It is also for this reason that ¸ and ½ take on identical values in the
results of tables 1 and 2.
If those who are expected to experience the largest earnings growth rates are
individuals who undertake more important educational investments, we have an
explanation as to why estimates of ¯ rise as children age 9. A similar explanation
can be used to account for the pattern observed in table 2 that estimates of ±0 and
±1 also increase as children grow older. In particular, the t-statistics pertaining
to ±1, the coe¢cient on parental education, increase, leading now to a rejection of
the hypothesis that ^ ¯IV is consistent under all three moving average speci…cations
considered. The t-statistics pertaining to ±1 for the MA(0) to MA(2) are respec-
tively 2.78, 2.56 and 2.16, in comparison to 2.05, 1.89 and 1.55 for the results of
table 1.
4. Conclusions
By providing repeated measurements on error-ridden variables, panel data allow
the researcher to identify a wide range of errors in variables models, of which the
Galtonian model of income transmission is an example. We have used this result in
the present paper in order to quantify the large sample biases of the ordinary least
squares and instrumental variables estimators of the intergenerational correlation,
and to provide consistent estimators for the structural parameters of the Galtonian
model. As a by-product of our discussion we have proposed a test to investigate
the null hypothesis that the instrumental variables estimator is consistent, against
the alternative that it is inconsistent and biased away from zero.
9Solon (1999) for instance postulates that measurement error in the early years of employ-
ment is ’mean-reverting’ and accordingly biases estimates of the intergenerational correlation
downwards.
12We have estimated the intergenerational correlation of earnings at a value of
0.26 using the method of ordinary least squares, and 0.47 using the method of
instrumental variables. These estimates rise to 0.33 and 0.60 when the earnings
of children are observed four years later. Depending on the assumptions retained
regarding the serial correlation in errors of measurement, our estimate of the signal
to total variance ratio (the large sample bias of OLS) takes values ranging between
0.79 and 0.90. The estimate of this variance ratio drops as observed earnings are
allowed to correlate over longer periods of time, suggesting that the bias of the
OLS estimator is larger, and that of the instrumental variables estimator is smaller
than when one assumes the presence of no serial correlation between transitory
income components. The large sample bias of the instrumental variables estimator
is estimated at 62% when errors of measurement are taken to be uncorrelated over
time, but drops to 41% under an MA(2) speci…cation.
We note …nally that the hypothesis that the instrumental variables estimator
is consistent is rejected under MA(0) and MA(1) speci…cations for errors of mea-
surement, but that the t-value of the test is only 1.55 under an MA(2) scenario.
A re-estimation of the MA(2) speci…cation when children are four years older
however entails a t-value of 2.16 for this same test, allowing us thus to reject the
assumption that the instrumental variables estimator is consistent.
With the exception of the work of Zimmerman (1992), previous studies in the
literature which have used multiple measurements on parental income have often
been too brief, if not silent, in their discussion of the serial correlation in measure-
ment errors. One conclusion which emerges from our results, is that the identi…-
cation of the Galtonian model ought not be discussed separately from questions
pertaining to the serial correlation underlying transitory incomes. For this reason,
we also feel that further research is necessary before we can validate or reject the
claim that the instrumental variables estimator systematically over-estimates the
intergenerational correlation. Such research may adopt a more general ARMA
formulation for the transitory income component, enabling thus the data-analyst
to nest within this framework both the auto-regressive and moving average error
structures. Also, longitudinal surveys from other countries ought to be examined
in order to draw a more complete picture concerning the biases of the ordinary
least squares and instrumental variables estimators of the intergenerational earn-
ings correlation.
135. Appendix
In this appendix we brie‡y discuss the estimation of the covariance matrix of ^ ±0
and ^ ±1 by the delta method.


















where jt ¡ sj >qfor the MA(q) scenario pertaining to the serial correlation in
measurement errors.
De…ne µ as the following 5 £ 1 vector of sample moments:
µ =
h













yiteixitxis=n etc. Denote this 5 £ 5 covariance matrix as
^ V .
Write ^ ±0 and ^ ±1 as functions g0(µ) and g1(µ) and de…ne J as the 2£5 Jacobian
matrix with elements Jkl = @gk(µ)=@µl where k =0 ;1 and l =1 ;:::;5: We estimate
the covariance matrix of ^ ± =[ ^ ±0 ^ ±1]0 by the delta method using the following
expression:
cov(^ ±)=J b VJ
0 (A3)
6. References
Abowd J. and D. Card (1989): ”On the Covariance Structure of Earnings and
Hour Changes”, Econometrica 57, 411-445.
Abul Naga R. (2000a): ”Estimating the Intergenerational Correlation of In-
comes: an Errors in Variables Framework”, Economica,f o r t h c o m i n g .
Abul Naga R. (2000b):”Galtonian Regression of Intergenerational Income Link-
ages: Biased Procedures, a New Estimator and Mean-Square Error Comparisons”,
discussion paper 00-13, DEEP, Université de Lausanne.
Abul Naga R. and J. Krishnakumar (2000): ”Panel Data Estimation of the
Intergenerational Correlation of Incomes”, in Krishnakumar J. and E. Ronchetti
14eds: Panel Data Econometrics: Future Directions, Papers in Honour of Professor
Pietro Balestra, Amsterdam, North-Holland.
Atkinson A., A. Maynard and C. Trinder (1983): Parents and Children: In-
comes in Two Generations, London, Heinemann.
Behrman J. and P. Taubman (1990): ”The Intergenerational Correlation Be-
tween Children’s Adult Earnings and Their Parents’ Incomes: Results from the
Michigan Panel Study of Income Dynamics”, Review of Income and Wealth, 36,
115-127.
Björklund A. and M. Jantti (1997): ”Intergenerational Income Mobility in
Sweden Compared to the United States”, American Economic Review 87, 1009-
1018.
Bowles S. (1972): ”Schooling and Inequality from Generation to Generation”,
Journal of Political Economy 80, S219-S251.
Dearden L., S. Machin and H. Reed (1997): ”Intergenerational Mobility in
Britain”, Economic Journal 107, 47-66.
Griliches Z. and J. Hausman (1986): ”Errors in Variables in Panel Data”,
Journal of Econometrics 31, 93-118.
Hill M. (1993): The Panel Study of Income Dynamics: a User’s Guide,N e w
York, Sage Publications.
Hsiao C. and G. Taylor (1991): ”Some Remarks on Measurement Error and
the Identi…cation of Panel Data Models”, Statistica Neerlandica 45, 187-194.
MaCurdy T. (1982): ”The Use of Time Series Processes to Model the Error
Structure of Earnings in Longitudinal Data Analysis”, Journal of Econometrics
18, 83-114.
Meijer E. and T. Wansbeek (2000): ”Measurement Error in a Single Regres-
sor”, Economics Letters 69, 277-284.
Mulligan C. (2000): ”Galton versus Human Capital Approach to Inheritance”,
Journal of Political Economy,f o r t h c o m i n g .
Reville R. (1995): ”Intertemporal and Life Cycle Variation in Measured Inter-
generational Earnings Mobility”, mimeo.
Schluter C. (1998): ”Income Dynamics in Germany, the USA and the UK,
Evidence from Panel Data, CASE paper no. 8, STICERD, London School of
Economics.
Solon G. (1992): ”Intergenerational Income Mobility in the United States”,
American Economic Review 82, 393-408.
Solon G. (1999): ”Intergenerational Mobility in the Labor Market”, in Ashen-
f e l t e rO .a n dD .C a r de d s :Handbook of Labor Economics volume 3, 1761-1800,
15Amsterdam, Elsevier.
Zimmerman D. (1992): ”Regression Toward Mediocrity in Economic Stature”,
American Economic Review 82, 409-429.
16Table 1 : estimation results
























1  The income concept is total labour income of the household head, measured in 1967 dollars.
2  The parents’ earnings data used pertain to the four-year period 1967-70. The child’s earnings pertain to 1987.
3  Standard errors appear inside parentheses, n=526.Table 2 : further estimation results when children are four years older
























1  The income concept is total labour income of the household head, measured in 1967 dollars.
2  The parents’ earnings data used pertain to the four-year period 1967-70. The child’s earnings pertain to 1991.
3  Standard errors appear inside parentheses, n=526.